In the multi-robot system, how to achieve effective and reasonable task coordination between multi-robots is an important problem;, multi-robot task scheduling is the term used for the coordination of the key technologies. Therefore, in this paper we combined the pilot scheduling method with the following method and the behavior method of the robot based on task scheduling, and we then studied how to improve the traditional robot scheduling effect, which is a deep-learning algorithm that is applied to multi-robot scheduling to formulate an action selection strategy. We thus proved the effectiveness of this idea experimentally. Based on the above research foundation, this paper continues to build a simple simulation experiment platform, which simply sets up three obstacles and completes the task of robot scheduling on the platform.
Introduction
Since the 1980s, researchers have been working on transforming classical scheduling theory into practical production and application. Artificial intelligence, computer intelligence and other intelligent scheduling methods have been applied to solve practical production-scheduling problems. Based on the existing technological conditions and research results, we can see that the intelligent scheduling method is currently one of the best and most promising ways to solve practical production-scheduling problems. With the development of related research and its practical application, the intelligent scheduling method to solve the actual production problem will continue to make progress. Advanced manufacturing systems often use modern industrial-robot computer control for each station asked to handle materials. The scheduling problem of the multi-robot is the extension of the classical job shop problem; it is the traditional job shop scheduling problem but more complex because it should not only consider the workpiece processing arrangements, but also consider the order handling and handling-robot task allocation.
Because the visual sensor has the characteristics of acquiring large amounts of information rapidly with information integrity, the visual sensor has become an important part of robot intelligence control. With the visual technology used in robot technology, the robot can not only have greatly improved ability to adapt to the surrounding environment, but also the visual sensor has other sensor-incomparable advantages due to the amount of information obtained being very large, so the robot can, within the external environment, enable objects and people to work together to complete more complex tasks. As with human vision, machine vision means that the robot has this most important sense, but the key problem in the field of machine vision is the image-processing speed, but the field also has been plagued by visual technology development, the key to solving this problem. On the other hand, with the development of robot technology, people's demand for robots is no longer limited to single robots, but more attention is being transferred to multiple robot systems. This is not only because the work is more than a single robot can manage and, for some dynamic and complex tasks, the development of a single robot rather than the development of a multi-robot system is complicated and expensive, but the system used, a single complex machine can beer complete the task than a simple robot.
The optimization of production scheduling is the core of advanced manufacturing technology and modern management technology. Many industrial fields, such as electronic products and metallurgy, have schedulingoptimization problems. The multi-robot scheduling problem is essentially a resource-allocation, optimization, path-selection problem, i.e., how fast can it be achieved? The problem is of maximizing the resources in an effective timeframe, including assigning tasks, under the constraints of the process route and delivery deadline, and achieving multi-objective planning problems in an optimal manner. Small-scale, multi-variety, production orders, with considerable operation process information are complex, and production planning and operation planning are difficult to balance. It is also difficult to guarantee delivery deadlines and quality, which directly affects the economic benefits of enterprises that need to use job-scheduling optimization methods to achieve increased productivity and reduced costs.
In nature, organisms tend to acquire more advanced functions in groups, and multi-robot systems are based on the simulation of populations and biotas. These studies are gradually forming collaborative robotics, which is based on the concept of multi-agents and the issue of cooperation between multiple robots is receiving increasing attention. To organize and control multiple robots based on the characteristics of multiple agents enables them to perform complex tasks that a single robot cannot perform. The intelligent behavior of a system composed of multiple robots will be greatly improved compared with a single robot, mainly because the information exchange between the robots improves the ability of the system to deal with incomplete and uncertain knowledge. The cooperation between the robots will mean that a system with a certain intelligent behavior can use object-oriented technology and modular ideas to organize the system. Therefore, research on multi-robot systems is an inevitable trend in the development of multi-robot technology, which will bring about tremendous changes in robotics and other related technologies.
At present, there is no unified multi-robot system definition, which is usually defined as an organic dynamic whole composed of several members for completing one or more tasks through certain communication methods, organizational structures and cooperation mechanisms. Designing a multi-functional robot is a complex project, but designing a multi-robot system, consisting of multiple limited-function robots to accomplish the same task, is relatively easy. The multi-robot system consists of a relatively simple or single robot that, through coordination with other members, accomplishes tasks that were previously impossible. Because the task is divided into several parts and executed by the robot separately, real parallel execution can be realized, so in some specific types of tasks, the multi-robot system can complete the task more efficiently, which has great application potential in the fields of production, daily life, the Military, etc. Although multi-robot systems have unique advantages, the addition of multiple robots poses additional problems, such as the difficulty of configuring or deploying these systems, and further research on new issues, such as collaboration, is required. Although research on multi-robot systems has attracted widespread attention over the past decade, research in this area is still far from mature. The more successful work of multi-robot research includes cell robot systems or configurable robot systems [1] [2] [3] [4] [5] ; multi-robot motion planning [6] [7] [8] [9] [10] ; and multi-robot collaborative architecture [11] [12] [13] [14] [15] .
The research on the multi-robot system in China began in the 1990s, and the development of the system was also restricted. However, in recent years, more and more experts have attached importance to research into multi-robot systems in China, and many universities have set up laboratories, invested a lot of research funds, and began to study multi-robot technology. A multi-robot cooperative assembly system has been established in Shenyang Automation Research of Chinese Academy of Sciences. The system is based on industrial multi-robot assembly and has become a major platform for multi-robot collaborative research in the industrial field, and has been greatly welcomed. Shanghai Jiaotong University robot soccer team is also a successful multi-robot platform. It has made outstanding achievements in recent years in important competitions both at home and abroad, and has won many championships. In addition, Harbin Institute of Technology has successfully developed a robot soccer game platform based on a multi-agent system. Based on that, a small robot force model has been built, and the robot team made by it has achieved good results in robot soccer matches at home and abroad.
In multi-robot systems, how to effectively and reasonably coordinate tasks among multiple robots is an important problem. The scheduling of multiple robots is one of the key technologies of this task coordination. In the process of scheduling, how to quickly and efficiently avoid obstacles and select the proper formation is the core problem of multi-robot scheduling. In order to solve this critical problem, many thermal intelligence algorithms have been introduced in the research [16] [17] [18] [19] [20] . With the development of deep-learning technology, today's deep learning has been successfully applied to many research fields [21] [22] [23] [24] [25] . The question is: Can you use the advantages of deep learning to solve multi-robot scheduling coordination problems?
In this chapter, based on the target-recognition method of deep learning, we will establish a multi-robot obstacle avoidance and formation transformation strategy based on the image series. It is worth noting that due to time and energy problems, the new method of the multi-robot scheduling strategy proposed in this paper is verified in simulation and in the virtual physical environment, and the more complex real-environment experiment will be the focus of the future research. The main contribution of this paper is:
1) Establishing a multi-robot scheduling algorithm model based on deep learning and giving the best model parameters 2) Establishing a multi-robot simulation platform, which can be used to perform multi-robot simulation experiments 2 Proposed method
Obstacle avoidance and formation transformation of multi-robot scheduling
According to the different requirements of a multi-robot scheduling task, the more successful multi-robot scheduling control methods are based on the behavior method, the navigation-following method, the virtual structure method and so on. The combination of the behavior method and navigation-following method is a common strategy in multi-robot scheduling. The advantages of the leader-follower method are simple in principle, but the disadvantage is that the leader-follower robot is relatively independent, and if the leader is too fast, the robot may not follow the exit track, but the leader is too dependent on the exit track. The behavior-based method is intuitive and has some elastic space in the formulation of behavior, but it does not have good mathematical theory support, so the stability of the formation is hard to analyze. Firstly, we select an individual in the multi-robot system to be the leader of the formation, then the other robots in the system will be regarded as its followers. The followers are required to track the leader at a fixed distance interval. Secondly, each robot may act as to the decomposition of target movement, robot collision avoidance, obstacle avoidance, maintain formation; the robot makes corresponding responses according to the environmental information sensor obtained by reaction of output as the robot takes the next step (e.g., along a direction or at a speed). This architecture requires a robot behavior selection module, that is to say, establishing some rules to synthesize the output response of each sub-behavior to determine the real action response of the robot, which is the so-called obstacle avoidance and formation transformation strategy.
The operation mode of a multi-robot system can be generally divided into two types: coordination and cooperation. Sometimes people do not distinguish between them which is called "collaboration." The first problem faced when a multi-robot system is given a task is how to organize the multiple robots to complete the task. The problem to be solved here is how to effectively cooperate with multiple robots. After determining the respective tasks and relationships for a certain mechanism, the problem becomes how to maintain the coordination between the robots; that is, multi-robot coordination. Therefore, multi-robot coordination and multi-robot cooperation are two different and related concepts in multi-robot system research. The former research focuses on the specific motion-control problems after the multi-robot cooperation relationship has been determined, while the latter is the high-level organization and operation mechanism. The focus is on the flexible control mechanism that means that the system can be quickly organized and reconstructed. The system structure is the most important part of the system. The cooperation mechanism between multiple robots is embodied by it and it determines the operating mechanism of the multi-robot system in the process of task decomposition, allocation, planning, decision-making and execution. The role of the individual robot is related to the efficiency of collaboration. The kind of control model that the robot uses is often determined according to the specific working environment, and it is also treated differently according to different types of robots. Planning includes moving from global task level to local, individual, behavioral-action-level planning, which should be dynamic between autonomous individuals to adapt to dynamically changing systems and environments. As a distributed information and decision system, the multi-robot system is an important structural feature of the network structure. Communication is the exchange of individual information, and negotiation is a purposeful information interaction. Perception means that the robot acquires information through its sensing system and uses it. Perception as an interaction between the robot and the outside world and is a more direct and effective way of obtaining information than communication. In order for the system to obtain the control parameters of the ideal collaborative behavior and adapt it to a dynamically changing environment, learning mechanisms are often introduced int the system.
In this paper, the problem of multi-robot scheduling is simplified. Firstly, the leader of the scheduling is determined. The method used here is the minimum distance from the target point to be defined as leader. When the leader is determined, the other robots will be able to use the leader as a reference point, each calculating their own desired position in the formation to automatically move. If there are obstacles in the path of the mobile robot, the robot formation transform is set here, and the multi-robot formation for the diamond transformation becomes straight, because avoid straight robot is equivalent to a single robot behavior to avoid touching obstacle. The whole process diagram of this algorithm is shown in Fig. 1 below.
As shown in Fig. 2 below, we can see that four virtual robots can accomplish the basic tasks of formation, obstacle avoidance, formation and goal orientation.
However, in the actual robot scheduling, the simple predefined obstacle avoidance and scheduling strategy cannot be applied to this exceptionally complex field environment. To solve this problem, we propose a target-recognition method based on deep learning to identify obstacles and identify the distance between them, so as to avoid obstacles and to schedule strategy. The basic flow chart of the multi-robot scheduling system using the target-recognition algorithm is shown in Fig. 3 below. As shown in the dotted-line box, this can be divided into three parts: making use of the obstacle strategy of the deep-learning algorithm, making parts, multi-robot basic formation scheduling part and other auxiliary parts. In the process of the multi-robot, the robot deadlock problem in scheduling is a very important issue, the deadlock refers to the robot being restricted in a certain area or wandering back and forth so that it still cannot reach the budget position, which leads to the failure of robot scheduling. Anti-deadlock refers to preventing the robot from entering the deadlock or will be dead the robot back to the dead zone.
Deep learning
In this paper, based on deep-learning scheduling, the multi-robot requires pre-planning for obstacle avoidance, formation maintenance and transformation, target tracking locking and so on, and then regards the output of the multi-perception deep neural network as the parameter input of the model. The entire model for the has not yet discovered the law of the environment and there will be a lot of environmental information which is constantly updated, and a mathematical model of the information changes is well summarized, then we use the deep-learning algorithm to create the robot learning strategy. We will use some mature models combined with the characterization of perception neural network decision-making or prediction, then characterize the perception neural networks that will become the input parameters of the existing mature model, which can make decision-making or forecasting more accurate. So, in this topic, we combine the strategy formulation of the deep-learning obstacle with the robot-scheduling algorithm. Firstly, through supervised learning, we use a form of off-line sampling when we supervise and train a certain sample to develop the strategy using a method of training a network through deep learning, the network can then learn the environment according to on-line obstacle recognition. When the robot receives the information about the environment, it can make the decision accurately according to the trained network, so it can avoid the obstacles and better carry out the scheduling. The concept of deep learning stems from the study of artificial neural networks. A multi-layer perceptron with its multiple hidden layers is a deep-learning structure. Deep learning combines low-level features to form more abstract, high-level, representation attribute categories or features to discover distributed feature representations of data. The concept of deep learning was proposed by Hinton et al. in 2006. Based on the Deep Trusted Network (DBN), an unsupervised, greedy, layer-by-layer training algorithm is proposed with the hope of solving the deep structure-related optimization problems. Then, the deep structure of the multi-layer automatic encoder is proposed. In addition, the convolutional neural network proposed by Lecun et al. is the first true multi-layer structure learning algorithm to use spatial relations to reduce the number of parameters in order to improve training performance. Deep learning is a method based on the representation of data in machine learning. Observations (e.g., an image) can be represented in a variety of ways, such as a vector of each pixel-intensity value, or more abstractly represented as a series of edges, regions of a particular shape, and the like. It is easier to learn tasks from instances (e.g., face recognition or facial expression recognition) using some specific representation methods. The advantage of deep learning is to replace the manual acquisition features with unsupervised or semi-supervised feature learning and hierarchical feature-extraction-efficient algorithms. Deep learning is a new field in machine-learning research. Its motivation is to establish and simulate a neural network for human brain analysis and learning, which mimics the mechanism of the human brain to interpret data. Like the machine-learning method, the deep-machine-learning method also distinguishes between supervised learning and unsupervised learning. The learning models established under different learning frameworks are very different. For example, Convolutional Neural Networks (CNNs) is a deep-machine-learning model under supervised learning, and Deep Belief Nets (DBNs) is a machine-learning model under unsupervised learning.
Experiment results

Deep-learning environment
Through the following virtual physical environment, we verify the feasibility of the autonomous decision-making method based on the deep-learning network. In the experiment, supervised learning is still needed, and the early stage operations, such as sample formulation and classification, are also needed. These operations are basically similar to those in the third chapter. The samples were divided into 11 categories, including 6400 pictures, of which 4000 were used for training, and 2400 were used for testing. The 11 types of samples includes five types of robot left turn, five types of robot right turn and formation transformation.
The following guidelines for the five types of the so-called left turn of the robot are introduced: firstly, in the sample, without considering the influence of the robot and the distance between objects, because the robot and the distance of the object to be sampled directly affecting the distance between objects in the robot vision with the size of the projection; because the samples are collected according to the distance between the two obstacles by small large collection, that is when the distance between the two obstacles and take the maximum hour distance 
for robot to avoid obstacles by the action should not be consistent. So, the robot is divided into five levels according to the size of the object space, the first level is the minimum distance, the robot should quickly turn left, and the deflection angle of the robot is the minimum maximum rank distance; with the fifth level , the robot should also have a relatively slow reaction speed. As for the formation transformation strategy, the distance between the two obstacles is large enough for a single robot to pass smoothly, so we only need to transform the formation transformation smoothly. Figure 4 below is a part of the sample diagram for the robot strategy selection experiment. This experiment uses a convolution neural network structure, as shown in Fig. 5 , and the number of neurons in each layer is shown in Table 1 . The network is only a parameter different from the third chapter, and the training details, such as preprocessing, are similar. This experiment uses the eight-layer network, and the reason is that the input image is 2116-dimensional, using the hierarchical characteristics of deep-learning training to reduce the dimension of access layer by layer local optimal solution, and then to obtain the global optimal solution of fine-tuning by basic point (BP). Figure 6 shows the convergence curve of the CNN network in training. From the root mean square error (RMSE) value, training can gradually achieve stability, and the stable value is basically around 0.2. The training time is 4230 s.
After training of 4000 samples, 2400 of them were used as test sets, and the correct selection number of the strategy was 97.5%. Figure 7 below is a schematic diagram of the final test results.
From Fig. 7 , it can be seen that robots can handle and make the right choices when facing various environments. When the robot has made effective recognition of the environmental information, it can respond quickly according to the decision information and complete the scheduling task. This paper chooses the obstacle problem of the strategy target-recognition algorithm based on the deep-learning scheduling problem, robot motion strategy is in order to achieve better, faster and more efficient completion of the multi-robot task scheduling, which can then be applied in practical application.
Construction of robot simulation platform
In the process of multi-robot experimental verification, the experimental platform is built by Visual Studio 2010 and its Microsoft Foundation Class (MFC) image interface tools, and its basic operation interface diagram is shown in Fig. 8 . There are three main parts of the menu bar: setting of the environment, setting of the robot and setting the demonstration button. The setting of the environment also includes a fixed simple environment, a complex environment and an experimental environment, each of which is preset and can be changed. Robot setting refers to the number of robots. There are also different robot numbers for different formation scheduling. The demonstration setting means that when the environment is set up, the number of robots can be simulated through this button.
The size is set to 600 × 400, and the unit is centimeters (cm) (behind the unit, the red object is consistent). For setting up obstacles, the layout is the four little green robot, which in the process of scheduling the red robot leader is in simulation when an initial schedule for diamond, and it can keep the formation point to advance to the specified target the main parameters, and the simulation values are as follows: m_distancel = 15; //length of robot interval m_distancew = 15; ///width of robot spacer m_velocityavedistance = 10; ///average speed of robot m_robotscope = 3; //the value of the scope of the robot, that is the size of the robot m_distancelimitl = 6; //enter the detection range m_distancelimits = 2; //enter the dead zone
The fact is that the robot can detect obstacles around here, simulated obstacles are only the last chapter do the experiment of the sample pictures. According to the simulation experiment parameters mentioned above, the following experiments are done to verify whether the robot can complete the scheduling task in various environments.
Discussion
Robot scheduling simulation in a simple environment
In a simple environment, as shown in Fig. 9 , only four obstacles are placed in the environment, and the activity of the robot is freer in the environment. After compiling, you can see that four robots can bypass the environmental obstacles to run to the end. The experimental results are shown in Fig. 9 below. Since no special scheduling algorithm is used, the four robots bypass the obstacles, but they are obviously in a random running state. The paths of the four robots that bypass the obstacles are different. Finally, it takes longer to bypass simple obstacles. For the random-algorithm-scheduling multi-robot, the application prospect of the multi-robot is limited from the time. In order to realize the practical application, it is necessary to study the scheduling strategy of the multi-robot. 
Robot scheduling simulation in complex environment
In the complex environment, as shown in Fig. 10 , 10 obstacles are put in the environment, which is relatively complex, and the range of the robot's activity is relatively limited. When we put the robot into the environment and start the simulation program, we can see that four robots are the first to schedule, and they can bypass the environmental obstacles to run to the terminal. The experimental results are shown in Fig. 10 below. Figure 10 shows the results of the robot scheduling using a greedy algorithm in a complex environment. The greedy algorithm is the path for each robot. Starting from the current path, each time you choose the next step, there is no roadblock or other robot point. Compared with the method of randomly finding points, the improved scheduling is obviously superior than the path. In the face of 10 complex roadblocks, four selected scheduling robots, as can be seen from Fig. 10 , the paths have obvious consistency.
Robot scheduling simulation in the experimental environment
The experimental environment is shown in Fig. 11 below.
Ten obstacles are placed in the environment, and the obstacles are different in shape and size, and the environment is complex. In this case, the simulation results are shown in Fig. 11 below. For complex roadblocks, the number of roadblocks is 10. Although it is better than random for four robot path selections, if there are too many roadblocks or too many control robots, this becomes too time-consuming. Figure 11 uses the algorithm set in this paper. The simulation of 10 robots shows that although 10 robots choose not all the optimal paths, they can at least select a more appropriate path in the shortest time.
From the path selection, the path of 10 robots is obviously better than the greedy algorithm and more reasonable.
Conclusions
Multi-robot scheduling has always been a difficult issue in robot scheduling. How to implement efficient multi-robot scheduling and design an appropriate scheduling strategy is a key issue. This paper combines the pilot scheduling method with the following method and the behavior method of the robot based on task scheduling, and then studies how to improve the traditional robot scheduling effect. The deep-learning algorithm is then applied to the scheduling to formulate the strategy of the robot action selection mechanism, and proves the effectiveness of this experimental idea. Based on the above research foundation, in this paper we build a simple simulation experiment platform, which simply sets up three obstacles and completes the task of robot scheduling on the platform. Based on the comparison of different strategies and the roadblock scene analysis, the results show that the method used in this paper can select the path more effectively and can complete the obstacles in the shortest time.
